Abstract: Innovation-driven durable goods markets see substantial changes in quality and available choice sets over time and, correspondingly, changes of the reference quality in the market. Considering the multi-attribute characteristics of these goods, it is important for firms to identify attribute-specific competitive landscape and to develop competitive innovation strategies at product attribute-level. Therefore, this paper proposes a reference-dependent choice model for product quality that can capture the asymmetric effect of innovation shocks on product demand at the product attribute-level, i.e., the innovation elasticity of demand, as well as the attribute-level competitive market structure in product innovation. Moreover, we also confirm that there is a certain quality span on a product attribute where the values of products depreciate most significantly due to innovation shocks, which we refer to as innovation shadow zone. We demonstrate the effectiveness of the proposed approach in developing attribute-specific product innovation strategies using the U.S. mobile phone market data. sets and subsequent changes of the reference quality in the market over time. Considering the multi-attribute characteristics of these goods, it is important for businesses to identify attributespecific competitive landscapes and develop competitive innovation strategies at the product attribute level. Therefore, this paper proposes a reference-dependent choice model for product quality at the product attribute level that can capture the asymmetric effect of innovation shocks on product demand, i.e., the innovation elasticity of demand, as well as the competitive market structure in product innovation. Moreover, we confirm that there is a certain quality span for a product attribute where the values of products depreciate most significantly due to innovation shocks, which we refer to as the innovation shadow zone. We demonstrate the effectiveness of the proposed approach in developing attribute-specific product innovation strategies using U.S.
Introduction
Product innovation is important and rapid in high-tech durable goods markets, such as those for mobile telephones, laptop and desktop computers, and digital cameras, in which companies constantly introduce new, better-quality products and remove older versions. For example, in the electronic chip market, 'Hwang's Law, 1 ' which states that the memory density of electronic chips doubles every year, replaced 'Moore's Law, 2 ' which states that it doubles roughly every two years, in 2002.
Due to the nature of rapid innovations in high-tech markets, consumer choice sets in these markets change rapidly, and consumers constantly update their expectations of the standard quality of product attributes. For example, in the desktop computer market, standard CPUs are rapidly replaced by newer versions, e.g., Core Solo by Core Duo; Core 2 Duo; and Core i3, i5, and i7 on an almost annual basis, while the standard capacity of hard disk drives has also improved from 128G (gigabytes) to 256G, 500G, 1T (terabyte), and currently large SSDs (Solid State Drives) 3 over the past few years. Additionally, the speed of innovation differs across product attributes, generating heterogeneous consumer preferences for products and creating strategic opportunities for companies.
Therefore, due to the multi-attribute characteristics of these innovation-based durable products, it is important for businesses to identify attribute-specific competitive landscapes and develop competitive innovation strategies at the product attribute level. This effort is also advisable from the perspective of multi-attribute portfolio management because of the distinct impacts of product innovations across different product attributes. Moreover, previous literature suggests that consumers' choices are mainly influenced by only some key product attributes (Bettman and Park 1980 , Nowlis et al. 2010 , and Shi et al. 2013 .
Therefore, in this study, we suggest a new approach to analyzing competitive market structure at the product attribute level using the concept of reference quality. The reference effects of product attributes have been found to have a significant impact on consumer choice (Lattin and Bucklin 1989 , Winer 1986 , Kalwani et al. 1990 , Kalyanaram and Little 1989 , Kahneman and Tversky 1991 , Kalyanaram and Winer 1995 , Rust et al. 1999 , Mazumdar and Papatla 2000 1 Samsung has doubled the memory density of its products every year since 2002. The company dubbed this phenomenon "Hwang's Law" that year after Hwang Chang-gyu, the former head of Samsung Electronics' semiconductor business (Richter 2014) . 2 Moore's Law was based on a 1965 observation by Intel co-founder Gordon Moore, who claimed that the computing power of chips doubles every 18 months. 3 SSD uses electronic interfaces compatible with traditional blockinput/output (I/O) hard disk drives, thus permitting simple replacement in common applications. SSD differs from traditional electromechanical magnetic disks, such as hard disk drives (HDDs) or floppy disks, which contain spinning disks and movable read/write heads. Compared with electromechanical disks, SSDs are typically more resistant to physical shock, run silently, and have less access time. . This finding has an important strategic implication for product innovation at the product attribute level, such as asymmetric gain and loss in consumer product values from quality improvement. Since Kahneman and Tversky (1991) introduced the importance of a reference point on consumer utility in their prospect theory framework, many succeeding studies have documented reference effects for both product attributes and price (Lattin and Bucklin 1989 , Winer 1986 , Kalwani et al. 1990 , Kalyanaram and Little 1989 , Hardie et al. 1993 , Kalyanaram and Winer 1995 , Rust et al. 1999 , Rust and Oliver 2000 . For example, Tversky and Simonson (1993) demonstrated that the reference-dependent evaluation of an attribute applies not only to price but also to all other product attributes, while Rust et al. (1999) and Rust and Oliver (2000) analytically validated the importance of reference quality to consumer choice. Experimental studies have also demonstrated (e.g., compromise effect) the contextual-reference concept in consumers' quality perception (Simonson 1989; Simonson and Tversky 1992; Tversky and Simonson 1993; Kivetz, Netzer, and Srinivasan 2004) .
However, an attribute-specific analysis of competitive markets has not yet been fully explored due to the limitations of previous approaches in discrete choice models for differentiated product demand, such as BLP (Berry, Levinsohn, and Pakes 1995) type choice models and competitive market structure analysis. Standard BLP models do not reflect product attribute-level innovation shocks because each product's characteristics are fixed. In other words, these models cannot capture the relative changes in consumers' valuation of product quality that is driven by rapidly changing standards, especially in high-tech durable goods markets. Therefore, the estimated ownand cross-elasticity of quality for an attribute do not reflect attribute-specific innovation shocks in the corresponding market, and as a result, the preceding studies were only able to provide limited strategic implications specific to a product attribute.
These own-and cross-elasticity of product attributes have been extensively investigated in the literature on competitive market structure analyses due to their usefulness in assessing the impact of companies' and competitors' marketing actions on market shares (Bucklin et al. 1998 ).
Previous studies have even suggested a perceptual map that explains how customers perceive existing brands and the corresponding substitutability/complementarity among brands using a few dimensions that underlie many attributes (DeSarbo and Rao 1986 , Elrod 1991 , DeSarbo, Manrai and Manrai 1993 , Elrod et al. 2002 . However, with this approach, the dimensions of the resulting map are unlabeled, and managerial judgment and subsequent analyses of consumer perceptions are needed to interpret the map (Elrod et al. 2002) . Similarly, the competitive market map using competitive clout and vulnerability suggested by Cooper (1988) and Kamakura and Russell (1989) is restrictive in that it focuses only on the elasticity of price or other non-fixed variables, such as advertising (Kamakura and Russell 1989) . Therefore, the existing models in competitive market structure analysis do not provide any information beyond the market structure specific to price competition.
Therefore, in this study, we propose a reference-dependent choice model for product quality that can capture the asymmetric effect of innovation shocks on product demand and competitive market structure at the product attribute level. Because the reference changes for each time period depending on the competitive market environments, the reference-adjusted product quality variables are not dependent on a fixed term and change relative to the varying market references that reflect attribute-specific innovation shocks in this estimation. Therefore, a distinctive feature of the proposed model is that the product attributes become strategic variables that researchers can examine from the perspective of product innovation. In other words, the model estimates the asymmetric elasticity of gain and loss for the reference quality separately, which generates different innovation insights for businesses depending on their strategic positions over the product quality span of an attribute relative to the reference point. It also provides important strategic implications regarding the management of product attribute portfolios, i.e., how to manage the innovation levels and the combinations of different product attributes from the perspective of new product development. It is also noted that in regard to the empirical model setup, this study uses a static model of competition in each time period. However, competitive outcomes change across time periods because the reference quality level changes, i.e. consumers' level of desired product quality constantly changes, due to a continuous introduction of new products that are generally higher in quality than the current conventional level.
The remainder of this paper is organized as follows. In the next section, we discuss the relevant literature. We then present the theoretical concept behind our model. Next, we specify our reference quality-dependent demand model, which takes into account the key theoretical concepts. The subsequent sections relate to our empirical results, and we conclude with limitations and suggestions for future studies.
Literature Review Market Structure Analysis
The analysis of competitive market structure is an important area of marketing research due to its significance in explaining the nature and extent of competition among companies and their products (Elrod et al. 2002) , including the identification of competitors, market segmentations, 5 product positioning, and pricing (Elrod et al. 2002 , Cooper 1988 , Kamakura and Russell 1989 .
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From the demand-side perspective, market structure analyses explain the extent to which the products under consideration are substitutes for or complements to competing products in the market. Therefore, these analyses aid in understanding competition and are useful for companies in designing new products or altering existing ones. Additionally, because they are based on a multi-attribute utility model, market structure analyses provide useful information regarding customer perceptions and evaluations of existing products in terms of product attributes (Elord et al. 2002) .
However, neither external nor internal market structure analyses 5 provide information about market structure and competition at the product attribute level (Bronnenberg, Mahajan, and Vanhonacker 2000 , Elrod 1988 , Elrod 1997 , Elrod et al. 2002 , Elrod and Keane 1995 , Erdem and Keane 1996 , Shocker, Bayus and Kim 2001 , Wittenschlaeger and Fiedler 1997 . Although both approaches use information on the attributes of existing products to construct the perceptual map at the brand level, the dimensions are abstracted and assumed without labels, and the specific attribute information cannot be considered when building attribute-specific product design strategies, i.e., product innovation strategies (Chintagunta, Dube and Singh 2002 , DeSarbo, Manrai and Manrai 1993 , DeSarbo and Rao 1986 , Elrod 1991 , Lenk 2001 .
Competitive market structures can be examined using price elasticities, as in the case presented by Kamakura and Russell (1989) . They proposed a model that can identify the underlying determinants of brand-switching probabilities and aggregate responses to price changes. Using the cross-price elasticity from the multi-attribute choice model, these authors obtained a representation of a market structure that simultaneously revealed the brand preferences of key consumer segments and enabled the prediction of the magnitude of aggregate own-and cross-price elasticities. In their analysis, cross-price elasticity was divided into two different methods of competitive clout and vulnerability depending on how a company's own price change will affect the market share of the competing brands and vice versa (Kamakura and Russell 1989) .
Following Kamakura and Russell (1989) , other scholars including Cooper and Inoue (1996) , Heerde et al. (2004) , and Rutz and Sonnier (2011) , have used the concept to analyze various 4 From the supply-side perspective, the economic literature contains an extensive and comprehensive discussion of industrial organization, while the demand-side market structure is predominantly covered by the marketing literature (Elrod et al. 2002) . 5 External analyses presume that the attributes that drive choice and the values of the brands with regard to these attributes are known to the researcher and use data about consumer perceptions of existing brands. A good example is conjoint analysis. In the case of internal analyses, conjoint analysis assumes that a few dimensions are enough to explain substitutability/complementarity among brands. However, the number of dimensions and the locations of the brands on these dimensions are determined solely from preference/choice data. However, the dimensions of the resulting map are unlabeled (Elrod et al. 2002) . 6 marketing issues while considering the competitive market structure. However, these approaches do not provide a complete picture of the competitive market structure because they do not account for other product attributes except for price, such as product functions or features, because these product attributes are brand-specific and constant over product life cycles in contrast to price, which frequently changes over the course of a product's life cycle. Therefore, previous market structure analyses that use own-and cross-elasticities do not fully capture the nature of an attribute-specific competitive market structure that changes over time due to product innovation. Consequently, these models do not provide insights into product innovation strategies at the product attribute level.
Therefore, by incorporating the concept of reference quality in consumer choice, this study enables us to evaluate the asymmetric effect of innovation shocks on the competitiveness of product attributes. Additionally, incorporating reference quality also enables us to identify competitive market structure at the product attribute level, which has important implications for developing attribute-specific product design strategies, i.e., product innovation strategies.
Prospect Theory and Reference Quality
According to prospect theory (Kahneman and Tversky 1979), consumer utility for an outcome is a function of gains and losses with respect to a reference outcome rather than the final outcome. Since the development of prospect theory, consumers' reference formation behavior in their choice decisions has been broadly examined and documented in the economics, psychology and marketing literatures. In the case of behavioral experiments, previous studies have documented reference effects for both product attributes and price. However, the development of an empirical understanding of consumer choice based on the theory has been limited to referenceprice formation (Lattin and Bucklin 1989 , Winer 1986 , Kalwani et al. 1990 , Kalyanaram and Little 1989 , Kalyanaram and Winer 1995 , Mazumdar and Papatla 2000 .
Therefore, empirical research has paid limited attention to the reference effects of product quality, and the important role of reference quality in competitive market structure analysis has not been well addressed. Notably, product quality is often used as a summary measure of a product's attractiveness exclusive of price, and the price-quality trade-off explains the competition between brands in different tiers of the market (Blattberg and Wisniewski 1989 , Sivakumar 2007 , Sivakumar 2011 . The reference quality, similar to the reference price, focuses on the loss aversion behaviors of consumers regarding product quality. Compared with the literature on reference price, there is relatively limited literature on reference quality that investigates the phenomenon and the related strategic insights. Rust et al. (1999) analytically validated the importance of reference quality in consumers' choice decision. Hardie et al. (1993) suggested empirical evidence of reference quality effects in their examination of non-durable packaged goods. However, in their formulation, reference quality is the product quality of the last brand purchased by the consumer. Because the products and choice sets in their data are stable, there was no investigation of how changes in choice sets or product quality over time impact reference quality. After these studies, there has not been a follow-up study, and the reference quality concept has not yet been extended to product innovation.
However, reference quality provides an important foundation for the product design and innovation literature, especially in the technology-driven durable goods markets in which product quality is constantly changing because reference quality enables the effect of quality change, i.e., product innovation, on consumers' product choice to be captured considering idiosyncratic consumer behavior, e.g., loss aversion. Additionally, by using product quality as a changeable variable similar to price for a specific product depending on the changing reference quality of a market, the elasticity of the product attributes can be used to address strategic issues including product design and innovation. Therefore, by introducing reference quality in product attribute variables, the previous limitations of the market structure analyses can be overcome, particularly regarding the price elasticity-oriented model proposed by Cooper (1988) and Kamakura and Russell (1989) . and Tversky 1996 , Kivetz 2003 , Thaler 1985 , Tversky and Kahneman 1991 and its asymmetric structure with a concave curve for the gains and a convex curve for the losses. Here, the magnitude of the value reduction is determined by λ, the degree of loss aversion, and λ is greater than 1 due to consumers' loss-aversion behavior.
6 In their paper, it was introduced as customer delight, which refers to a profoundly positive emotional state that generally results from having one's expectations exceeded to a surprising degree. In this section, the proposed reference quality model that describes the asymmetric effect of innovation shocks on product demand at the product attribute level is explained in terms of consumers' innovation sensitivity, i.e., the innovation elasticity of demand. A unique feature of the proposed model is that it estimates the elasticity of gain and loss against the reference quality separately and provides strategic insights into attribute-level product competitiveness and the corresponding competitive market structure of a product attribute.
Whether determined through aggregate or individual data, the reference dependence is an important determinant of consumer brand choice (Mazumdar et al. 2005 , Zhou 2011 . In reference price studies using individual-level scanner data, researchers have modeled the formation of individual-level reference (Erdem et al. 2001 , Kalyanaram and Little 1994 , Mayhew and Winer 1992 , Rajendran and Tellis 1994 . However, the reference price can also be encoded at the product category level using the average price of different brands (Helson 1964 , Mazumdar et al. 2005 , Monroe 1973 or the price that is frequently charged in a product category (Mazumdar et al. 2005, Urbany and Dickson 1991) . Encoding the reference price at the product level can be beneficial because retaining the price information for several brands with small differences in price and quality may create a cognitive burden for consumers (Mazumdar et al. 2005) .
Additionally, previous studies have confirmed that product category-level references are more adaptive in nature, especially when a market is evolving rapidly (Anderson et al. 1994 , Johnson et al. 1995 , Anderson and Salisbury 2003 , Zhou 2011 . In particular, Anderson and Salisbury (2003) emphasized that market-level references (expectations) are rational and that their progress is significantly more adaptive in nature, suggesting that aggregate-level data are more appropriate for the analysis of the reference effect. Additionally, while it is better to use individual-level data for the analysis of the reference price, which is an internal price specific to a product, category-level aggregate data are more appropriate for the analysis of reference quality, which is an internal standard for an attribute of a product category, e.g., the display size of a laptop computer or battery life of a mobile telephone, because the product attributes for a specific product do not change over its product life cycle, unlike its price. Therefore, we modeled the reference quality at the product category level in our study. However, we consider consumer Assume that the (indirect) utility that this consumer derives from the purchase of this item is a function of preference, price, product attributes, and loss and gain relative to reference quality.
This assumption yields indirect utility Uijt that consumer i would derive from the purchase of product j on purchase occasion t:
where & "# is a brand and consumer-specific constant; ( )" represents consumer i's price sensitivity for consumer choice, ( ," is a vector of individual-specific taste coefficients on observed product characteristics -#,$ that are dichotomous (i.e., 0 or 1) in their value, such as digital cameras, games, or MP3s, and ( /," 1 and ( 4," 1 are consumer-specific random parameters for the gain and loss in quality for specific product attributes, 3 #$ 1 , that have continuous values in their measures, enabling us to construct variables of gain and loss in quality, 23 #$ 1 and 53 #$ 1 . Note that it is not necessary to construct the variables for reference quality, 23 #$ 1 and 53 #$ 1 , for all of the continuous product attributes because the contribution of our approach is not on the exact reference pointformation process but rather to suggest managerial implications for businesses that produce hightech durable goods in their strategic management of product attribute-level innovation. Therefore, we can construct reference quality variables that focus on one or a few specific product attributes that are strategically important for companies and therefore must be analyzed to identify their competitive market structures. In our empirical exploration in the next section, for demonstration purposes, we use only weight and talk time variables that are continuous. 7 #$ identifies the mean across consumers of unobserved (by the econometrician) product characteristics, and 8 "#$ represents the distribution of consumer preferences around this mean. Notably, loss aversion for attribute l will be observed if G 1 in the following equation is greater than 1: 
In this way, we can also compare the degree of loss aversion of multi-attributes. 23 #$ 1 is the gain from the difference between the level of an attribute l (3 #$ 1 ) and the reference point (IJ $ 1 ) of the attribute at time t, given that IJ $ 1 is worse than 3 #$ 1 . 53 #$ 1 is the loss from the difference given that IJ $ 1 is better than 3 #$ 1 at time t. 7 In our model, following the previous literature, a subtractive form is assumed for the reference structure, where the gain or loss from an actual attribute level is based on its absolute distance from the reference point of the attribute. This subtractive form of reference formation is popular in the literature (Erdem et al. 2001 , Kalyanaram and Little 1989 , Kivetz et al. 2003 , Mayhew and Winer 1992 , Rajendran and Tellis 1994 . Here, we define
Here, we can have different levels of reference points (IJ $ 1 ) in constructing reference quality variables. Based on the previous literature on reference price that used the category-level average price (Helson 1964 , Monroe 1973 , Mazumdar et al. 2005 , we consider different types of the average quality of the category -the average level of attribute l for all the products in one month, the sales-weighted average level of attribute l for all the products in one month, the level of attribute l for the product with the highest sales in one month, and the sales-weighted average level of attribute l for all the products of a leading company with the greatest market share in one month -and select the best-performing reference point using a non-nested test for a random coefficient model.
We note that the endogeneity issue on the reference points of product attributes can be minimal in our model. First, the reference point is not necessarily the best product quality that competing companies want to achieve. Rather, it is the cognition-based level of quality that consumers have in mind considering the currently available choice sets in the market. Second, this study looks at the feature phone industry, which has already been saturated in terms of technological innovation, with most products in the market that have similar product attributes. Moreover, each company's product portfolio consists of numerous products with a wide range of product attributes, and therefore, there are many alternatives available in the market. Hence, it is unlikely that a single company would greatly influence the reference point by introducing a product with the highest product quality for one specific attribute, unless the product dominates the entire market, which is not the case in our data. Finally, companies cannot change the product characteristics of their products within one month, which is the unit of time in our study.
Reference Quality and Innovation Elasticity
Given the probabilistic choice model with reference quality described above, the market share elasticity for gain and loss in product quality, referred to as the quality elasticity of demand or innovation elasticity when focusing on high-tech durable goods markets, is given as follows:
for attribute l, if model k's value of attribute l is greater than the reference point of attribute l,
i. e. , IJ $ 1 , then attribute l's (own-and cross-) elasticities of the market shares (V #$ ) are as follows:
where V "#$ is the probability of consumer i choosing model j, and bcd " e represents the population distribution functions. In contrast, if model k's value of attribute l is lower than the reference point of attribute l, i. e. , IJ $ 1 , then attribute l's (own-and cross-) elasticities are defined as follows:
Based on Prospect Theory (Kahneman and Tversky 1996) and regarding the reference price (Kalwani et al. 1990 , Kalyanaram and Little 1989 , Kalyanaram and Winer 1995 
Innovation-driven Competitive Market Structure
Due to the asymmetric characteristics of the value function, a product is expected to have different degrees of demand changes against innovation shocks depending on the value position of its product attributes. While consumer preference on the products in the market will be influenced differently by an innovation shock depending on a product's attribute positions on the quality span, each product's market share can change differently depending on the relative degree of the value reduction of highly substitutable products in the market. Hence, it is necessary to evaluate how an innovation shock indirectly impacts each brand's market share via product preference changes on other competing products. To better understand the competitive market structure of a product attribute based on the value function of reference quality, we mathematically defined the summary measure of the innovation-driven attribute competition utilizing the summary measures suggested by Kamakura and Russell (1989) and Cooper (1988) .
For market t, we define the competitive innovation vulnerability for attribute l of product k as follows:
which represents the post-innovation vulnerability of product k reflecting consumer preference changes on both product k and competing products whose attributes l are in different gain or loss positions. Specifically, the first part of the right-hand side reflects consumers' substitution from product k to other products in the aftermath of innovation shock, and the second part reflects how much product k can benefit from the value reduction of highly substitutable products. Consequently, between 2001 and 2002, the overall growth rate of this market fell to 7.6 percent.
8
The mobile telephone industry is highly concentrated. Table 1 These developments suggest that product differentiation plays an important role in the mobile telephone market.
[Insert Table 1 about here]
Data Description
The data set used in this paper comes primarily from NPD Techworld, a leading marketing research company in the consumer electronics, information technology and imaging markets. . Additionally, the data have been adjusted using demographic characteristics. The surveys were sent in a way that is proportional to the U.S. Census in terms of geography, gender, income level, household size and age. 9 The total units sold and revenue for each product in one month were calculated by projecting up from the actual respondents. 10 Therefore, the data are consistent with our empirical estimation of a random coefficient model because we use the total U.S. population from the U.S.
Census Bureau for the potential size (M t ) of the market.
The original data sample included 338 mobile telephone models. Products with extremely low sales volumes and models that differed only in minor characteristics (e.g., telephone book capacity, number of ring tones) were aggregated. As a result, our final sample contains data on 202 models from eight manufacturers. Therefore, the panel is unbalanced, and we treat each month-model pair as a single observation. The total number of observations is 3,910.
We supplanted these panel data with product attribute information compiled from several sources, primarily from epinions (www.epinions.com), DealTime (www.dealtime.com), and manufacturers' online documentation. Product characteristics for which we have data include various product features, such as size, weight, type of display, battery time, digital camera, games, and MP3. However, dichotomous characteristics of feature phones, i.e., whether they have digital cameras and MP3 functions, cannot be properly modeled to reflect the continuous change in reference quality over time. Only size, weight, and talk time are the continuous variables in the data; however, size and weight are highly correlated. Moreover, weight and talk time were selected as the key drivers of mobile telephone choice by the trade press during the period of our data.
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Weight is the total weight of the mobile telephone in grams (grm) without attachable cameras or other additional equipment. The Talk Time is the length of time that a mobile telephone is engaged in transmission (telephone conversations, sending or receiving data) before it runs out of battery power. Talk Time, expressed in hours or minutes, is much shorter than standby time 12 because transmission requires more power. The Talk Time of mobile telephones 9 Because surveys are not always returned in the same proportions, the data were adjusted accordingly. 10 For example, let us say that the U.S. population is 250 million, and 25,000 respondents during a particular time period report. Of those 25,000, 1% or 250 respondents report that they purchased a new cellular telephone 'A.' By projecting up to the total population, we would say that during that time, 2.5 million 'A' cellular telephones were purchased. If a particular transaction involves the purchase of more than one telephone, it is adjusted accordingly. Table 2 .
[Insert Table 2 about here]
As described in the previous section, total mobile telephone sales declined over our sample periods without category expansion. However, the sales-weighted average weight decreases over 
Estimation and Results

Estimation and Reference Point Selection
the telephone is used for talking because talking on a telephone draws more energy from a battery than standby mode. 
where W is the dimension of the observed characteristics vector, and the matrix ∑ is a scaling matrix that captures the unobserved heterogeneity due to random shocks i υ . In the econometric model, unobserved random consumer characteristics i υ are assumed to be normally distributed. As is typical, the mean utility of the outside good, the consumer option to not purchase any of the brands, t 0 δ , is normalized to be constant over time and equal to zero for identification purposes. The observed market share of product j is given by
, where j S represents the units sold, and M is the market size, which is proportional to the total population. 14 We also make the usual assumption that consumers purchase one unit of the product that gives them the highest utility among all the possible products that are available in a certain month t. As instruments, following Berry, Levinsohn and Pakes (1995), we consider companies' own and competitors' characteristics: (1) the product characteristics, (2) the average or sum of the product characteristics across all of the mobile telephones produced by the same company, and (3) the average or sum of the product characteristics across all mobile telephones not produced by the same company. Additionally, we include (4) the monthly average values of product characteristics as instruments. To confirm that the search leads to the global minimum of the objective function, we use different starting values and a non-derivative simplex search method (Nelder-Mead 1965) that is less vulnerable to local minima problems typical of gradient approaches. We use the minimum obtained as a starting value for a final gradient-based search (Nevo 2001) .
To select the best-performing reference point in our estimation, we consider different types (1) two competing models are strictly non-nested, and (2) overlapping models have common explanatory variables and different additional explanatory variables. While the latter is our case, in both cases, we use the Cox-type non-nested test to examine the difference of GMM criterion functions for the two competing models under one of the competing hypotheses. We follow the two-step procedure proposed by Vuong (1989) . There are two competing regression models H g and H h as follows:
16 Smith (1992) proposed a Cox-type non-nested test for competing models estimated by GMM. Nonnested linear regression models with heteroscedasticity and serial correlation of unknown form and differing instrumental validity assumptions are encompassed. Anderson and Salisbury (2003) and Zhou (2011) , which noted that the quality or functional level of the dominant brands of a leading company in the market generally has an important role as a reference point within the product category in the consumer decision-making process 17 The kernel-based procedure uses a weighted sum of the autocovariances to estimate the spectral density at a frequency zero, where the weights are determined by the kernel and the bandwidth parameter. In our estimation, we use the Barlett kernel to determine the data-dependent bandwidth parameter. 18 The critical value at the 95% significance level based on a weighted sum of Chi-square distribution is 2.85. because it is often featured in advertisements with higher marketing budgets or is displayed prominently in stores and is hence more memorable.
Estimation Results
In Table 3 , the structural parameter estimates are provided with their t-values. It is noteworthy that both wireless service providers and mobile handset manufacturers are controlled in the model because both sides have tie-ups with each other regarding some handset devices and because consumers are typically locked into long-term contracts with their service providers, which can partly explain why price sensitivity is not statistically significant. Additionally, as expected, we observe significantly positive signs on the mean preferences for color display and camera features.
Although we detect negative signs on the mean preferences for MP3 players and games, the large standard deviations of random coefficients for these two dichotomous characteristics indicate the existence of considerable unobserved heterogeneity in consumer preferences.
[Insert Table 3 about here]
The estimated results focus on the coefficients for the two key attributes of weight and talk time to examine the effect of reference quality on product choices. As shown in Table 3 , it was found that the coefficients of gain were greater than those of loss in both cases in which the gain and loss parameters were statistically significant. These results confirm that loss aversion exists on both key product attributes as consumers respond more to loss than to gain, i.e., λ • 1.
Regarding the degree of loss aversion, heterogeneity was found across multiple product attributes, i.e., loss aversion for weight was higher than that for talk time: ‚ƒ""…$ = 2.38 and $ †1X $" ‡ƒ % 1.55.
To further discuss the reference quality effect in the high-tech durable goods markets, including smartphones, computers, and tablets, we can consider shifts of the value function. We note that the introduction of new products with higher quality than the current conventional quality level will lead to a shift in reference quality (innovation shock) by constantly changing 
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In particular, the values of products with quality between RQ and RQ' on the quality span depreciate most significantly due to the shift in the reference quality. Prior to this innovation shock, these products have been competitive in the market with positive value in the value function. However, because the product quality is not sufficiently better than RQ', consumers experience a significant value loss after innovation shocks. Therefore, the region between the original reference quality (RQ) and the new reference quality (RQ'), Region 2 in Figure 4 , is termed the Innovation Shadow Zone. Because the magnitude of the value reduction is determined by λ, as λ becomes greater, the effect due to innovation shock becomes more severe. Therefore, it is important to measure λ for each product attribute. From the perspective of product innovation strategy, given the multiple product attributes, it is also crucial to compare how the degree of loss aversion differs across attributes. Hence, our findings on the degree of loss aversion for weight, Table 4 . In March 2004, Samsung had the highest market share, and we used the sales-weighted attribute quality of the company as the reference points for both talk time and weight.
[Insert Table 4 about here]
Centering on the reference quality, the products in the upper rows had higher product quality than the reference quality, while those in the lower rows had lower product quality than the reference quality. In Table 4 (a), while all LG and Audiovox products' talk times can only be seen in the rows below the reference, Motorola, Nokia, and Sanyo had a wider range of product portfolios that had both shorter and longer talk times distributed in both the upper and lower rows in the table. Because diminishing sensitivities are detected when the distance from the reference point increases in both directions, the value function has a concave curve for the gain and a convex curve for the loss. 
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Consumer loss aversion behavior for talk time can be seen more clearly from pair-wise comparisons between models below and above the reference point. For example, the Motorola V120T had 128 more minutes of talk time than the reference point, while the Audiovox CDM9500 had 127 fewer minutes of talk time than the reference point. Although the degree of the difference was almost identical, the own talk time elasticity of the Audiovox CDM9500 was approximately 1.62 times greater than that of the Motorola V120T. Furthermore, in the other pairwise cases, the elasticities of the products with loss were greater than those with gain. This supports the existence of consumer loss aversion. Similarly, Table 4 (b) shows that the asymmetric S-shaped value function holds for another attribute (weight). Considering that the degree of loss aversion on weight is greater and the impact from innovation shocks is different accordingly, understanding the multi-attribute reference effects can be beneficial for product innovation strategies of companies with different product portfolios and combinations of product attributes.
Moreover, we also examine whether the value function shifts due to innovation shocks in Figure 2 . To do so, we compared the changes in the estimated innovation elasticities of those products of which the attribute level is near RQ with those near RQ' for each product attribute before and after innovation shocks, i.e., the shift of the reference point, for all the observations in the data because by the shift of the value function, the largest changes in the diminishing rate of the value function (the slope of the value function) occur when the level of attribute is at RQ or RQ' (the diminishing rate of the value function V at RQ and that of V' at RQ' is infinite). Table 5 shows the average changes in innovation elasticity for those products of which the attribute level is near RQ and RQ' before and after the shift in the value function. As expected, the average elasticity decreases, yielding a negative value at RQ, while it increases at RQ' (from a low value to a high value), confirming the shift in the value function that corresponds to innovation shocks and the existence of innovation shadow.
[Insert Table 5 about here]
To check the robustness of our results, we also examine the innovation elasticity changes in each region in Figure 2 before and after the shift of the reference point. Regardless of the functional form of the value function, we expect the absolute changes in the diminishing rate of the value function before and after the value function's shift to be higher in region 2 than in the other regions. Therefore, we computed the average elasticity changes according to the shifts of the reference point for each region with respect to each attribute, as shown in Table 6 . Regardless 22 of the attributes, we find that the average change in innovation elasticity is the highest for region 2 among all of the regions with statistical significance. In other words, region 2 experiences the most substantial impact of innovation shock, and its innovation elasticity drops significantly after the shock. Therefore, both attributes confirm the existence of an innovation shadow.
[Insert Table 6 about here]
So far, we have discussed how a change in the reference point of a product attribute by innovation shock affects consumers' valuation of products with different quality positions. While useful for understanding why and the extent to which a consumer experiences a value loss for an attribute after innovation shocks, the value function itself is confined to the attributes of a single product without delivering the managerial implications of competition among products in the market. However, an innovation shock will differently affect consumer preference on the products depending on their attribute positions on the quality span, and therefore, each product's market share may change differently depending on the relative degree of value reduction of highly substitutable products in the market. Therefore, we must further evaluate how an innovation shock indirectly impacts each brand's market share via product preference changes on other competing products.
We discuss competition among products in the aftermath of product attribute-level innovation using innovation vulnerability in Equation (7). Using the structural parameter estimates for illustrative purposes, we computed competitive innovation vulnerability for both talk time and weight on mobile telephones with a wide range of product qualities and with relatively large market shares in March 2004. Along with other relevant measures for each product, we present the results in Table 7 .
[Insert Table 7 about here]
As observed in Table 7 , each mobile handset manufacturer provided multiple products, and each product was also characterized by different values over multiple product attributes. When a company was faced with innovation shock on multiple attributes, some attributes might be in a loss position, while others might be in a gain position within each company's own attribute-based product portfolio. Therefore, in these cases, the competitive innovation map that reflects the attribute-specific innovation vulnerability of companies' own products will be beneficial to the companies' product portfolio management. In Figure 5 , we present the competitive innovation Table 7 .
[Insert Figure 5 about here]
Notably, the suggested competitive innovation map is an illustrative example for multiattribute high-tech durable goods and can be extended to n different strategic attributes that a company can identify and better prepare for consumer preference changes due to potential innovation shocks. The competitive innovation map can be used with the information provided in Table 7 ; for example, Kyocera's KE433C and Samsung's SPHA620 observed in the northeastern area are highly susceptible to innovation shocks in both attributes, and both companies noticeably rely heavily on these products, which account for approximately 63% and 26% of their total sales, respectively. Nokia's 3586 and Sanyo's SCP8100 in the southeastern area are vulnerable to reference point changes in weight but not talk time. The fact that Sanyo's SCP8100 accounts for 39% of its total sales indicates that Sanyo should prepare more thoroughly for a potential shift in the reference weight. The products of minor players such as Audiovox, Sony Ericsson, and LG are quite dissimilar from each other in both talk time and weight; however, all are positioned in the southwestern area and are therefore relatively less vulnerable to innovation shocks in both attributes. From the perspective of attribute-level product portfolio management, both Motorola and Nokia have a broad spectrum of products over wider ranges of attributes, and interestingly, all of their products except for Nokia's 3586 appear invulnerable to potential preference shifts after innovation. At the company level, however, Nokia is not quite invulnerable due to its high dependence on the 3586, which accounts for 25% of its total sales, while Motorola appears wellprotected from innovation shocks, with its products with relatively large market shares located in the southwestern area. Under these circumstances, each company can use different product innovation strategies depending on the configuration of its attribute-based product portfolio to defend its market share more efficiently against the existing competing products. For example, companies can introduce new products with different combinations of product attributes by placing priority on improving vulnerable attributes.
To deliver additional managerial implications at the product attribute level, in Table 8, we present pairwise product comparisons with a focus on how the preference change on the individual competing products will impact each product's market share when the reference point in talk time and weight shifts. To make the simulated results more interpretable, we consider an innovation shock on each of the two attributes by 1 unit, i.e., a 1-minute increase in the reference 24 talk time and a 1-gram reduction in the reference weight. Thus, the value in the ith row and jth column represents the percentage point change in the market share of product i via the preference change on product j after a 1-unit innovation shock.
[Insert Table 8 about here]
Because the competitive innovation map in Figure 5 barely explains pairwise inter-product competition, Figure 5 can be better interpreted with the results presented in Table 8 . In the case of
LG's VX6000, which appears less susceptible to innovation shocks in both attributes in Figure 5 , post-innovation consumer preference changes in the talk time attribute of Kyocera's KE433C will be most beneficial to VX6000's market share by 0.0076 percentage points, whereas Samsung's SPHA620, which is faced with a reduction in the reference weight, is expected to be most helpful to VX6000 by 0.0085 percentage points. Interestingly, Motorola's V300 and Sony Ericsson's T616 are expected to become more influential over competing products only when the reference weight reduction occurs. If we restrict inter-product competition to the 16 products listed in the table, Sony Ericsson's T616 benefits the most from the other 15 products, with a 0.9735 percent increase in market share when the reference talk time jumps; however, T616's value reduction by consumers does not result in an increase in the market share of these 15 products. In response to the reference weight reduction, Audiovox's CDM8900, with a 1.6436 percent increase in its market share, appears to benefit from consumers' product substitution across the listed products.
In contrast, Kyocera's KE433C and Samsung's SPHA620 are expected to be most susceptible to post-innovation product substitutions by resulting in the largest proportions of share increase in most of the other products but earning only a 0.6820 percent increase in market share on talk time and a 1.3240 percent increase in market share on weight. This result is also consistent with Figure   5 , in which Kyocera's KE433C is less vulnerable than Samsung's SPHA620 on weight, while both are highly vulnerable to post-innovation competition in both attributes.
Conclusion and Future Research
This study suggests a reference-dependent choice model for product quality that can capture the asymmetric effect of innovation shocks on product demand and competitive market structure at the product attribute level. The proposed model enables companies to build attribute-specific product innovation strategies in response to idiosyncratic innovation shocks. Additionally, the proposed model provides a strategy for managing an attribute-level product portfolio. By considering the loss-aversion behavior of consumers, different innovation opportunities were also identified depending on the different levels of product attributes that center on the market reference point. That is, the asymmetric effect of the product innovation elucidated the innovation shadow zone, a certain quality span for a product attribute in which the values of products depreciate most significantly due to innovation shocks of a market.
Additionally, the proposed model can overcome the limitations of the existing competitive market analysis by identifying innovation vulnerability at the product attribute level. The existing competitive market analysis is limited in extracting specific insights regarding product attributes because it provides a product's competitive market position only through abstracted attribute dimensions from consumers' underlying preferences; it does not provide attribute-specific information regarding the competitive market structure. Therefore, the usefulness of the competitive market analysis is inherently limited. Therefore, it does not provide information beyond the market structure that is specific to price competition. In contrast, the proposed model expands the scope of the competitive market analysis into the functional and form-related product attributes, which enables us to construct attribute-specific product innovation strategies.
From a managerial perspective, attribute-specific innovation often determines the success of a product in many markets (Krishnan and Ulrich 2001, Luchs and Swan 2011) . The proposed model can help companies identify the weaknesses and strengths of each product attribute against competing products and select the most effective attributes for expanding or defending market share in general. Doing so is important for a company with limited resources because it must efficiently and effectively invest its limited resources to increase its market share and revenue.
Moreover, the effect of the innovation shadow on the results emphasizes the importance of leading the market reference to escape significant disadvantages when an attribute's quality level is located between the previous and existing reference quality. Leading the reference at the attribute level can be achieved through continuous product innovation; however, it can also be achieved through other marketing methods such as pre-announcement and advertising that emphasize a specific attribute that is critical to the product's success.
A limitation of this study is that our static model did not fully incorporate the dynamics that arise from innovation and new products, which we leave for future research. More specifically, an area for future research may be to consider the effect of category expansion and to develop a dynamic model that can fully resolve companies' strategic actions given a forward-looking consumer's formation of reference quality. The effect of category expansion is especially important in markets where new products are constantly introduced and thereby new customers enter the market and people replace their current products. Hence, modeling a product category where the category demand is not fixed will make the model of reference quality more realistic and practical, The range of attribute levels that we consider in this estimation is RQ ± (RQ'-RQ)/2 for those products around RQ and RQ' ± (RQ'-RQ)/2 for those around RQ', while smaller ranges, i.e., stricter criteria, strengthen our results. Note: The value in ith row and jth column indicates the percentage point change in market share of product i via the preference change on product j after a 1-unit innovation shock, i.e., 1-minute increase of reference talk time. Note: The value in ith row and jth column indicates the percentage point change in market share of product i via the preference change on product j after 1 unit innovation shock, i.e., 1-gram reduction of reference weight. 
